This paper presents an enhanced hypothesis verification strategy for 3D object recognition. A new learning methodology is presented which integrates the traditional dichotomic object-centred and appearance-based representations in computer vision giving improved hypothesis verification under iconic matching. The "appearance" of a 3D object is learnt using an eigenspace representation obtained as it is tracked through a scene. The feature representation implicitly models the background and the objects observed enabling the segmentation of the objects from the background. The method is shown to enhance model-based tracking, particularly in the presence of clutter and occlusion, and to provide a basis for identification. The unified approach is discussed in the context of the traffic surveillance domain. The approach is demonstrated on real-world image sequences and compared to previous (edge-based) iconic evaluation techniques.
Introduction
The aim of this work is to extend previous research on hypothesis verification, and to improve the accuracy and robustness of pose refinement for object tracking. In recent years, top-down hypothesis verification has received relatively little attention in the vision literature. Notable exceptions are [2, 4, 10, 11] . The particular application domain for this work is vehicle tracking [2, 4, 5, 11] . This domain poses significant problems for object recognition: vehicles, for example, exhibit considerable within-class and between-class appearance variations.
Traditionally, edge-based techniques have been employed for iconic evaluation but edge models, i) exploit only a small part of the image structure, and ii) are ambiguous. Moreover, previous exemplar-based learning schemes with partial likelihoods have performed poorly in highly-variable natural scenes. Furthermore, in conventional modelbased tracking, the hypothesised model is verified independently in each frame of the sequence. Therefore, it cannot accumulate knowledge of the object's appearance over time. Such problems can be alleviated to some extent by extending the iconic evaluator to be context sensitive. This can be done by including learnt information where "features" are described by an "appearance-based model". The proposed approach to iconic matching is to adopt a unified geometric/appearance-based approach based on learning. In this particular example the facet tesselation does not include the wheels. In practice, these features are used.
The approach
The approach taken is to exploit 3D geometric knowledge to segment specific image regions corresponding to a variety of feature types. In this work, we concentrate on features corresponding to vehicle surfaces. An important observation is that the modelled features are more specific to individual vehicles and therefore best used during verification.
The appearance of a moving vehicle is learnt during the motion. The aim here is to construct and refine (i.e. learn) the appearance of a vehicle and employ this representation to constrain the matching in subsequent tracking (sections 3 and 4 below). The model of the vehicle is projected into the image with hidden line removal. An appearance model (see Section 2.1) is constructed for each model feature representing a set of 3D points on the vehicle surface (this stage is performed offline). Each vehicle surface is treated as an independent feature. This approach allows i) a feature to be sampled (with hidden points removed) under full perspective projection, and ii) an equal number of samples to be obtained from each feature. The feature samples are used to learn the representation (see Section 2.2).
Appearance model
An appearance model is constructed for each model surface. For each surface on the vehicle a set of (Ò 500) points are constructed on the surface. Currently this is done by using a frontal parallel view of the surface and raster scanning the boundary box of the surface in such a way as to generate the desired number of points. This technique is general and 
Learning the representation
In order to learn the global eigenspace representation for the background and vehicles sample features are taken for both. The method employed 2 is to sample the background image using Monte Carlo techniques, and to sample instances of vehicles with correctly fitted models. This stage is performed offline. Each feature is treated as a vector of dimen- ¼¼ grey-levels 3 and Û ¾ ¼ eigenvectors has shown to provide good reconstruction of input training features with minimal residual error. An important property of the eigenspace representation which is exploited in this work is that the closer the projections of two input features are in eigenspace, the more highly correlated the original vectors. The distance in eigenspace is an approximation of image cross-correlation. A global eigenspace is chosen so as to reconstruct both the background and vehicles (i.e. it is able to discriminate between them). The appearance model we use is a point in the 20 dimensional eigenspace for each of the model features.
Subspace updating
The eigenspace can reconstruct features present in the training set but the dimensionality of the current basis feature space may not be sufficient to encode the observed feature. This can be detected by looking at the reconstruction error. There are two cases in which the underlying feature representation may need to be updated: i) when the appearance of a previously unseen vehicle feature cannot be well approximated by the eigenspace, and ii) a vehicle approaches the camera and features can be resolved in detail which may not have been well represented by the training set. It is computationally impractical to re-compute the SVD from scratch the complete set of training input features. Fortunately, there has recently been research into fast and stable updating algorithms for SVD. In this work we adopt the adaptive method of Manjunath et al. [7] for SVD updating. are matrices whose columns are the first Û left-and right-eigenvectors respectively, and È the corresponding matrix of eigenvalues computed after obtaining measurements of the feature. Full details are given in [7] . For the experiments reported in this paper the dimensionality of the eigenspace is kept constant. In practice, this is done by reducing the dimensionality of the space after each SVD update back to the original size. 4 . The global eigenspace is updated on a per feature basis using a mean reconstruction error criterion. In practice, highly-textured features (e.g. the front of the vehicle) require the representation to be updated more often than other, more homogeneous features. The advantage of updating on a per feature basis is that the feature space is only updated as necessary to maintain the discriminatory ability of the feature and thus the robustness of feature tracking. The same eigenspace is used for all features on one vehicle. In general, a single eigenspace update is only required at the start of tracking which eliminates the requirement to frequently change the underlying representation.
Occlusion handling
An advantage in adopting the eigenspace representation is that it can be used to reconstruct the best approximation of a feature when there is missing data. This occurs when there is occlusion. The missing data can be treated as free variables and the observed data as fixed. The free variables are changed in order to minimise the distance between is repeated until the minimum distance is found. In the example the two spaces intersect but in general this is not the case. Figure 2(b) illustrates an example of occlusion and (c) the best reconstruction for the "front" feature. Figure 3 illustrates the complete algorithm for feature reconstruction under occlusion. Note that the quality of the reconstruction depends upon the ability of the eigenspace to reconstruct the feature appearance as discussed in Section 2.3.
Appearance matching
In this section we describe our approach to hypothesis verification given the object representation introduced in earlier sections. For each model feature we have a point in the 20D eigenspace which acts as a prototype for the feature. The problem we now address is how to match between this set of points in the eigenspace which represents the appearance model and the set of points used for the image reconstruction in the same eigenspace.
Evaluation function
The approach is to adopt a probabilistic framework. The underlying assumption is that projections of the same observed feature over several images can be modelled by a Gaus- where Ü is the 20D feature vector, Ü is the Gaussian mean and is the feature covariance matrix. For initialisation, is set to the covariance of the global eigenspace.
During tracking, the mean and covariance of the features in parameter space are updated based on a Gaussian sampling in pose space centred on the final recovered pose obtained using the simplex optimisation scheme. The mean and covariance is updated using a weighting technique. This can be viewed as an ellipsoid of uncertainty in feature location that collapses as the pose-parameter space mapping approximation improves. In practice, it is not necessary to update the estimate of the distribution for every frame but only when a significant change in vehicle orientation or depth occurs. The overall evaluation score (goodness-of-fit) for a projected model is the normalised sum of Gaussian responses and is weighted by the number of observations of the feature (i.e. number of frames), the projected feature surface area and the amount of occlusion
The evaluation can be viewed as the minimisation of the distance of each feature from its prototype (i.e. Gaussian mean) in the eigenspace. The "smoothness" of the evaluation surface is affected by i) the completeness of the representation and ii) the data dimensionality. Figure 4 illustrates the evaluation surface for an edge-based evaluator (a) and the new appearance-based evaluator (b) for the same imaged vehicle and model projection. The vehicle was tracked through an image sequence with the vehicle pose refined at each frame to learn the sppearance. The model was then displaced from the final recovered pose by fixed amounts ranging from -1m to 1m along both the Ü and Ý axes and from -25 to 25 degrees of rotation around the vertical axis. The edge-based surface is multimodal with significant potential for a deterministic downhill optimisation method (e.g. simplex) to get trapped in local maxima. The appearance-based evaluation surface, however, is unimodal thus enabling faster, more reliable determination of the maximum aposteriori (MAP) estimate of the correct vehicle pose.
Relation to previous work
The appearance-based paradigm in computer vision has recently been successfully employed for 3D object recognition by Nayar and Murase [9] amongst others. The main problems with their approach are obtaining adequate segmentation of an object of interest from the background, and taking account of occlusion. Furthermore, it is difficult to see how an appearance model alone can be used as an object representational scheme. It seems impossible to acquire a full appearance model for all vehicle poses which could occur under perspective projection even with the ground-plane constraint (GPC). Mundy et al. [8] performed an experimental comparison of appearance and geometric approaches. The authors, in line with our own opinion, consider that object representation schemes that complement each other are fertile ground for new research. More specifically, a model should be more than geometry alone and therefore this suggests the combination of the two representations. The most closely related work to ours is Black et al. [1] on EigenTracking and Cootes et al. [3] on Active Shape Models (ASM's). In [1] rigid and articulated objects are tracked using a view-based representation. The main limitation is that all processing is performed in the image-plane with no "notion" of 3D. This is also the case for the morphable model approach of Jones et al. [6] . In the PDM approach of [3] each model point is associated with a model of expected image evidence: greylevel models generated offline from sets of training examples. It is noted that the main limitations of this approach are in application domains (e.g. outdoor scenes) where the grey-level appearance can change significantly and unpredictably. Our approach learns the object appearance online based upon experience. 
Tracking
A number of experiments have been performed on different image sequences obtained using a static camera. For each sequence, model pose initialisation was performed by eye and either an edge-based evaluator [11] or the appearance-based evaluator used to refine and track the vehicle through the sequence using an Iterated Extended Kalman Filter (IEKF). Figures 5 and 6 illustrate two particular sequences of interest. In Figure 5 , the white hatchback enters the scene from the left and navigates a roundabout approaching the camera. The vehicle undergoes significant change in depth and scale, and it is partially occluded by the tree (modelled by it's silhouette) near the camera. The results of tracking are illustrated in Figure 5 (the lower graph compares the Mahalanobis distance between the recovered pose and filter prediction) which shows that the edge-based tracker (dashed trajectory in upper figure) is much more affected by image clutter than the appearancebased tracker (solid trajectory in upper figure) . Note also that the edge-based tracker is distracted by the occlusion as indicated in Figure 5 (c). Figure 6 illustrates two instances in which edge-based tracking fails (far-camera and significant occlusion) but appearance-based tracking succeeds. A comparison of the pros and cons of edge-based and appearance-based tracking is given in Table 1 . An experiment was also performed to compare the performance of integrated edge-based and appearancebased tracking for pose refinement. However, it is not clear at the moment how the evidence from independent trackers should be weighted and therefore the control problem remains an open research issue.
Extension to deformable models
The methodology discussed applied so far assumes fixed rigid models. The methodology presented easily extends to linear deformable PCA models [5] . The PCA model is constructed so that the surfaces remain planar under a change in the PCA parameters. This means that there is a plane-to-plane homography for each surface. This homography maps between the surface at the mean PCA parameters and the same surface at the current PCA parameters.
Conclusions and future work
This paper has introduced a new methodology which integrates the traditional dichotomic object-centred and appearance-based representations, leading to improved hypothesis verification using iconic matching. In particular we have demonstrated the successful application of appearance-based techniques to vehicle tracking, resulting in more reliable model-based tracking particularly with respect to occlusion.
Future work aims to investigate whether maintaining a fixed topology of the points across vehicle surfaces improves the ability of the system to perform reconstruction. At present, the eigenspace has to allow for differences in the toplogy. A fixed topology may allow a better representation of surface information. Additionally, we intend to investigate surface lighting/reflectance models for normalising the input data prior to the eigenspace analysis. Future work will also consider active pose refinement and initialisation issues in the appearance-based paradigm.
